Main Idea: This section describes the main idea of creating the RDPS. For the sake of better understanding, a cylindrically shaped object is considered.
First, consider a deterministic set of points as follows: CDj = {(xi,yi,z) | xi = xc + rcos(i), yi = yc + rsin(i), z  {h1,...,hm | hj < hj+1, j = 1,...,m-1}, i = 2i/n, i = 0,...,n-1}. The points in CDj are some deterministic points on the circumference of a circle at a height z = hj (j  {1,...,m}) or on x-y plane denoted as z = hj. Here, (xi,yi,z)  
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, i  {i,...,n}. The radius of the circle is equal to r   + and the center of the circle is located at (xc,yc,z = hj). The size of the point-cloud is equal to n. One can generate m number of point-clouds for the heights {h1,...,hm} denoted as CD1,...,CDm. These point-clouds collectively create a deterministic pointcloud denoted as CD, i.e., CD = {CD1,...,CDm}.
One can slightly modify CDj and create a set of stochastic points around it. Let this modified pointcloud be CSj. One of the definitions of CSj is as follows: CSj = {(xi,yi,z) | xi = xc + ricos(i), yi = yc + risin(i), z  {h1,...,hm | hj < hj+1, j = 1,...,m-1}, ri  SP, i = 2i/n, i = 0,...,n-1}, i.e., CSj is a set of points generated at random around the circumference of a circle. The only difference between CDj and CSj is that for the case of CSj, a stochastic process denoted as SP determines the radius at random, i.e., it is no longer a constant value. As a result, ri   + , i  {1,...,n}, i.e., it is a positive real number generated at random using SP. For example, SP can a uniform distribution in the interval [a,b], (a > 0) [9] . Alternatively, SP can be a normally distributed variable denoted as N(,) where the mean is  and standard deviation is , and so on [9] .
One can generate m number of point-clouds denoted as CS1,...,CSm, all having the nature of CSj. These point-clouds collectively create a stochastic point-cloud denoted as CS, i.e., CS = {CS1,...,CSm}. ..,100}, n = 100, and m = 10. The concave CAD models generated from the respective pointclouds in Fig. 1 using a commercially available software are also shown in Fig. 1 . As seen from Fig. 1 , all models consist of RDPS. The models corresponding to uniform distribution are likely to create more porosity. This mean that one can vary the stochastic process or the associated parameters to create a desired RDPS. However, until a physical model is being created using an ordinary AM process, it would be difficult to judge its (the point-cloud's) effectiveness. In this study, we are not interested in the general characteristics of CS. We are rather interested in using it for physical models of RDPS.
SP is a uniform distribution
SP is a normally distributed variable To see the effectiveness of the proposed SPG in producing RDPS, several case studies have been carried out. Two of the case studies are reported below.
The first case study reported here deals with how to produce a thin-walled RDPS. The SPG for this case uses two nearby CSs generated by using two uniform distributions. The CAD and physical models are shown in Fig. 2 . A commercially available CAD package and an AM machine are used to create the CAD and physical models as shown in Fig. 2 . To avoid commerciality, the details of the packages are not mentioned here. The results shown in Fig. 2 shows that the proposed SPG is effective in producing CAD and physical models of RDPS. The other case study reported here refers to cascaded modeling. The idea is to producing a RDPS by using a set of cascaded stochastic point-clouds. Figure 3 shows an example of cascaded modeling. For the case shown in Fig. 3 , three cascaded point-clouds are used. The outer point-cloud is created by using the SPG where the radius refers to a uniform distribution in the interval [24, 20] . The middle point-cloud refers to a uniform distribution in the interval [20, 18] , and the inner point-cloud refers to a uniform distribution in the interval [18, 16] . The heights are taken from set {10, 11, 12, 13, 14, 15}. Three CAD models have been created using the respective point-clouds, as shown in Fig. 3 . The respective physical models have also been created using commercially available AM machines. Finally, the three physical models are assembled to form cascaded RDPS.
Conclusions:
In this study, we have described a pragmatic approach for design for additive manufacturing of porous structures. The main idea is to use the a carefully generated stochastic point-clouds. The main idea is described by introducing an algorithm for generating stochastic point-clouds. Two case studies are also described showing the effectiveness of the proposed methodology. The first case-study deals with thinwalled porous structure and the other deals with cascaded modeling. In both cases, the CAD models consist of randomly distributed porous structures. The physical models are also created using the data of the CAD modeling using the ordinary additive manufacturing machines. The outcomes of this study enrich the field of design for additive manufacturing of complex shapes, in general, and shapes having randomly distributed porous structure.
